Society is experiencing an ageing demographic, coupled with increasing prevalence of Alzheimer's and Dementia conditions, expected to cause explosive increases in healthcare costs. Therefore, there is currently a need to develop pervasive technologies that allow monitoring of patients at home, where medically permissible, in order to reduce pressures on formal healthcare spaces. Those 'smart care spaces' require use of sensors and intelligent computer systems in order to support the needs of the cared-for, carers and medical personnel. In so doing they can ensure quality-of-life through comfort and adequate medical-monitoring, as well as providing significant data for on-going medical evaluation and diagnosis. This requires two main elements of sensing: sensors to monitor the care environment and patient-mounted sensors to monitor physiological parameters. Therefore, this paper considers technological options available for such monitoring and provides examples of their use. It will be concluded that cost-effective solutions are available for development of smart care space monitoring, to help ensure that associated computer systems maintain an appropriate level of intelligence.
Introduction

Background
Currently society is witnessing a changing demographic toward higher percentages of persons over 65, a statistic that is accompanied by increased needs for healthcare. Pressures on formal care spaces are limited, and many people prefer the dignity and familiarity of being treated in their own homes (or other low-supervision settings). Also, many people live in remote settings with limited access to formal care institutions, and so may have little other option than to be cared for in that manner. This brings a need for greater monitoring of home 'smart care spaces' in a cost-effective manner that helps ensure comfort and medical needs are catered for, while providing carers and clinicians with data on which to base interventions and diagnoses.
Therefore, this paper considers the sensor technologies available for inclusion in such spaces, with a bias toward monitoring aspects that can be considered to be a priority for people experiencing age-related physical and cognitive decline (PCD). For them, the primary goals of at-homemonitoring are retention of familiar living arrangements, reduced premature institutionalization, maximizing independence and minimizing one of their most significant health problems: increased accident potential.
This article is structured as follows: the system is introduced and monitoring for smart care is discussed, with consideration of accidents and falling (significant issues in eHealth monitoring scenarios). Sensing and the environment is discussed in Section 2, with consideration of sleeping parameters, monitoring through interaction, behavior and power usage, together with other related environment sensing. Person-mounted sensing is addressed in Section 3 with consideration of walking (gait), activities and falling, and physiological monitoring using body sensors. The article closes with conclusions in Section 4, the overall conclusion being that while it is apparent that much of the technology required to create smart care spaces already exists, further research is required to integrate them into a functional whole.
A holistic framework for Smart Care Space technologies
Smart Care Spaces require holistic designs providing synergy between three main components, as illustrated in Figure 1 . Firstly, they require a system of sensors encompassing both environment and patient. Secondly, they require a gateway for transmission of captured data to a central point. Finally, they require a cloud-based system for processing those data for 'real-time' monitoring and datamining (e.g. 'big-data' solutions), including databases within and outside the cloud. Optionally they may also incorporate control of care space systems from the cloud, including by clinicians and carers, as well as feedback to intelligent sensors. Due to comfort and privacy issues, there is also an emphasis on noninvasive sensors (e.g. sensing through the environment) and 'blind' camera technologies. Figure 1 also emphasizes a need for both local 'real-time' data processing and within the cloud. Local 'real-time' processing, with local decisionsupport and graduated interventions, is appropriate to, for example, agitation in dementia patients. Big-data, however, holds the prospect of identification of emergent properties and longer term prognoses, based on longitudinal monitoring. Even low-powered mobile devices are capable of local processing where a patients 'state' (more accurately the changes in a patients state: i.e. context) are measured based on the sensing data at times t 0 and t 1 . Big-data solutions, however, require huge data storage and processing (we assume there will be large numbers of monitored patients) requiring extensive computing power separate to local care-space systems.
In this context it is tempting to consider patient status sensing as the central factor, but environment sensing is critical not just to ensure comfort but due also to the wideranging links between medical conditions and environment variables, including local weather conditions (see e.g. Thomas et al., 2013) . Therefore, for a number of reasons, Smart Care Spaces represent not just sensing and information technology solutions, but instead require consideration as a holistic system if they are to succeed. So, in providing quantitative data, together with medical monitoring and carer interfaces, they aid integration of the two care needs identified by Roberts and Mort (2009) : physical and social-emotional care.
Such a holistic approach is analogous to distributed intelligence, with obvious potential for use of emotions in machine-human interfaces (see e.g. Peter and Herbon, 2006) . Therefore, as well as including human and machine intelligence, holistic smart care spaces may also be based on models incorporating emotional intelligence. For example, considering just anxiety as an emotional basis, together with scalable monitoring frequency of sensor data (i.e. activity) could allow intelligence based on valence and semiotics (see e.g. Perlovsky, 2006 for further discussion). This is illustrated in Figure 2 , which shows an emotion-based valence for smart care systems that respects scalability (e.g. variations in sensor sampling frequencies), emotion and ICT-for-sustainability.
Under normal circumstances, the system remains vigilant, which essentially means that it requires context-relevant data-reception intervals that ensure potential problems are identified within the requisite time-window for the medical conditions being monitored (but without power wastage caused by over-sampling). When patients are absent, or at low risk of medical problems, the system could be calmer and less active, allowing power saving and so reducing sustainability implications. Then, when the patients' medical context demands increased sensor sampling rates, the system can be considered empathic in relation to the patient. In terms of self-preservation, unexpected reductions in activity (by sensor nodes and even in cloud-interface communications) would cause self-concern within the system, as it is likely to highlight technical faults. Therefore, it is apparent that considering the smart care space in this way results in central and distributed elements, including autonomic aspects such as sensor nodes (which may rely on simplex or half-duplex communications for power saving) and networked elements (i.e. the gateway and cloud elements could be considered to have their own separable intelligences). For complete operability of smart care spaces within this paradigm, data from patient context and environment sensors are obviously critical as an 'intelligent' system is only as intelligent as can be achieved through the quality of data it processes. Therefore, this paper discusses the sensing aspects, the cloud aspect being largely outside of its scope.
As models of convergent technology, intelligent and holistic smart care systems are likely to rely more on mobile devices, such as smartphones and tablets. That is because, as well as providing significant processing power, sensors, low-power consumption and wireless communications, they are often being physically held by their users. That is very important for many reasons, including the potential for using them to obtain symptom-related data for longitudinal analysis, such as the prototype hand-trembling measurement application shown in Figure 3 .
As well as measuring vibrations in the time-domain, the app provides magnitude data for discrete bins in the frequencydomain, which are linked both to age and medical condition progression. Smartphones have also been widely used in many areas of healthcare including tracking health information, making use of social-influence, improving data accessibility and to provide entertainment: for a full discussion see Klasnja and Pratt (2012) . Therefore, it is essential that mobile technologies are incorporated into smart care space research, particularly as 3G/4G communications allow the opportunity to extend the carespace to outdoor excursions for patients. So, overall, true smart care spaces require a holistic system comprising respect for environment data, patient-status data (including emotion data where possible) and intuitive interfaces, together with cloud systems capable of adequately processing those data and communicating relevant information to stakeholders. Much work has been undertaken on smart-home sensors, such as the 'smart condo' work of Stroulia et al. (2009) which integrated a wide range of sensors into graphical information systems and 3D visualization.
Of related interest is the work of Blackman et al. (2007) who investigated how people with mild to moderate dementia responded to outdoor environments: both a real and virtual town center. They found that outdoor activity had a beneficial effect and that, with adequate design and graphics-resolution, similar benefits may arise in virtual reality. As well as highlighting that text-based information is more appropriate for informing dementia sufferers (compared say to images) their work, together with that of Zeisel et al. (2003) , indicates that use of interesting waypoints within sufferers homes makes them less likely to wander out of the care space. That correlates to use of sensors for location-context, and mobile devices for interaction between patients and their care spaces.
Of further relevance is the work of Biswas et al. (2006a and 2006b) , which involved data collection and feature extraction using sensors in embryonic smart space applications. Their work is interesting in identifying the potential for independent living in smart spaces, although it was limited to laboratory environments. In terms of cloud architectures, the integration of smart homes into them has been covered by authors such as Yang et al. (2010) , but in their case in terms of digitally interfaced consumer appliances. Similarly, it has been suggested that smart homes should have 'biological' intelligence, including through integration with the internet (see e.g. Wang, 2010) .
However, as far as the authors are aware, no significant discussion has occurred in the literature relating to sensing aspects designed around holistic systems, encompassing the diverse aspects of smart care spaces.
Monitoring for smart care
Monitoring, as described herein, is a supportive tool for all participants in the care of our ageing population, allowing healthcare workers (medically-trained, or friends and relatives) to remotely interact with people under their care. Although potentially intrusive, it is a viable tool to support independent living and longitudinal monitoring, particularly as many people with PCDs prefer to live within a familiar environment rather than be institutionalized. This leads to a number of potential approaches toward maintaining their independence, using tools that allow maximisation of selfsufficiency. For instance, patient-mounted monitoring systems, which can partly be developed as mobile device apps, are unobtrusive and allow continued daily-living in the accustomed manner. A number of beneficial factors support this approach, notably reduced reliance on homecare-visits and a greater sense of independence, for patients, for as long as possible. Numerous vital signs can be monitored using mobile devices, such as skin conductivity, blood flow, patient orientation (e.g. lying down or standing), blood-sugar, gait, blood pressure and suchlike. These vital signs can easily be communicated using mobile broadband for carer peace of mind, and medical monitoring or even intervention.
Another form of monitoring discussed in this paper is potentially less intrusive monitoring of environmental variables and associated behavioural sensing within the home environment. A key feature of this home-monitoring is that people with PCDs, being cared for at home, can be monitored remotely as part of telemedicine. The technology infrastructure is already available and could be integrated with other home automation technologies and sensors. That could include shadow cameras (e.g. based on the Microsoft Kinect), voice-over-IP, and even using modern television technology to interact with friends and carers over video links. With express consent, to remove ethical difficulties, such technologies can support patients in maintaining connections to friends and family (and wider society), as well as supporting medical staff through a greater understanding of their patients needs. In so doing, this can bring the wider society around patients into their lives, compensating for their difficulty in going out from the home. It also allows those members of society to more easily have an active involvement in the day-to-day lives of people with PCDs.
As well as being used separately, patient-mounted and home-environment monitoring obviously provide enhanced function if combined and used with intelligent computer systems. Such integrated systems could be used to enhance carer peace of mind, as well as warning of potential dangers such as accidents, falls and even fires. They could then alert carers, medics or emergency services depending on the prevailing threat level. As well as home-monitoring, such systems could enhance the quality of life of care-home residents, where staffing levels may preclude full-time monitoring of their wellbeing. Thus, smart care space monitoring is not intended to replace human-to-human care where it exists, but to provide an enhancement to supplement that care, and enhance it also where full-time human care is precluded due to financial constraints and/or carer availability. It also provides an exciting opportunity to gain longitudinal data to aid in improving quality of life, based on a greater understanding of the impact of many PCD conditions.
Accidents and falling
According to the Alzheimer's Society (alzheimers.org.uk) there are a number of significant factors associated with accidents in people with PCD: declining sense of balance and reaction times; physical difficulties and mobility problems; diminished memory, judgement and awareness of danger; pressures-on and tiredness-of carers; and stress and confusion. Therefore, systems that monitor motion and activity, while supporting the activities of the cared-for, and assisting the workload of carers, must have significant potential. For instance, the potentially sedentary lifestyle requires monitoring of activity and effects on the circadian rhythm. Also, changes in cognitive ability can be monitored through interaction with care space system interfaces. In such cases changes can be detected through behaviouralteration, which could simply be achieved through energyuse measurements, or even through patient-mounted gait monitoring. Such patient-mounted systems can also provide activity data and 'person-down' alarms in case of emergencies, which can be considered important because one of the most important sensing needs for PCD patients is associated with the risk of falling. 
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Falls are most likely in home settings, for people over 50 years of age, and particularly in males (Kool, et al., 2007) . Dementia is a very significant factor also, with demented women having been reported as having more than double the risk of hip fracture compared to other >85 year old women (Johansson and Skoog, 1996) . Consumption of even moderate amounts of alcohol significantly increases risk (Kool et al., 2008) and, according to Khawandi et al. (2011) , as many as a third of people over the age of 65 will suffer at least one fall per annum, while as many as 4 in 7 falls may be fatal in the over-70s (Atallah et al., 2012) . For persons with dementia that incidence may increase to 70-80% (Shaw, 2003) , due to gait and balance impairment (Shaw & Kenny, 1998) . The most significant risk factors associated with falls among dementia sufferers are illustrated in Table  1 , from which it can be taken that risks are associated with care space design, medication, other medical conditions and the effects of dementia itself.
Sensing using the environment
Light, sleep and the Circadian Rhythm
Light sensors have obvious advantages in monitoring, such as whether there is enough light to minimise accident potential both during the day and during night-time activity. However, they can also monitor night-time activity patterns, especially in combination with other devices such as proximity sensors. Those patterns can expose potential sleep issues, as people chronically departing from seven hours of sleep per day can be associated with increased mortality rates: both from the number of hours slept and, in the case of insomnia, from prescribed medication (Kripke et al, 2002) . However, the optimum amount of sleep is agerelated (Klerman & Dijk, 2008) , may vary over short timescales, and may include daytime napping consistent with afternoon dipping of the circadian rhythm (Kloss et al., 2002) . That may be an important factor in smart care space monitoring as the circadian rhythm varies between individuals, may on average be greater than 24 hours and can vary significantly between genders (Duffy et al., 2011 ).
An indication of the economic benefit of including sleep related factors in environmental monitoring is given by Engelhardt (1999) : the direct economic cost of insomnia in the United States was estimated at $13.9bn for 1995 alone. Sleep difficulties can be linked both to evening artificial light intensity and spectral composition, with increased effect associated with blue components (Santhi et al, 2011) . Illustrated in Figure 4 are light level data for two rooms, one with natural, and the other artificial, lighting. As shown in Figure 4 (a) brightness levels can vary significantly under natural light, the much brighter levels that could be associated with many medical problems being evident from the figure. Negative consequences of low light (e.g. Seasonal Affective Disorder) could also be monitored this way. The data of Figure 4 (b) are based on a room with artificial lighting and patterns of activity can be determined from it.
Intelligent environments offer the potential for personalized interaction with the cared-for, including to monitor deterioration of medical conditions, humans often being the best sensors into their own states. For instance, in Dementia, simple 'clock-tests' are used (involving representing times on a clock face) (Scanlan et al., 2002) , which could be used as a basis for automated testing. They also offer the potential for oral interaction between environment and cared-for leading to diagnosis and longitudinal monitoring, or even monitoring of emotional state based on affective spaces (see, e.g. Leon et al., 2007 and Bradley and Lang, 1994 , for further details). For example, the Parkinson's Voice Initiative (www.parkinsonsvoice.org) claim significant accuracy of detection in Parkinson's Disease through analysis of patients' spoken words. 
Monitoring through interaction
Such oral interaction may also provide a means to incorporate some social-emotional care as advised by Roberts and Mort (2009) . For instance, Heerink et al. (2008) and Heerink et al. (2009) suggested a strategy for testing whether robots could be accepted by PCD people based on assessing user-perception of a robot. They tested this method using 'iCat', an information-giving robot, and suggest that robots with perceived extraverted social abilities are more likely to be accepted and reported as 'enjoyable' companions. However, adequate attention to detail in design is obviously important, as shown by the work of Wu and Miller (2005) . Their study on the role of affective (i.e. emotionally engaging) technologies and care of PCD people, using a chatbot with a telephone interface, suggested that voice synthesis can be perceived as cold and insincere. Such interfaces to smart care spaces, for the cared-for especially, therefore need to be both intelligent and adequately engaging.
It should also be noted that interaction with smart care systems need not be simply oral or physical. For instance, EEG signals can be used to provide cognitive interfaces such as in the work of Hu et al. (2011) which also included use of EEG to identify chronic stress groups. Use of EEG as an interface has the added advantage of monitoring patientspecific conditions such as epilepsy (Schelter et al., 2006) , depression and schizophrenia (Li et al., 2008) . However, drugs are known to impact EEG data, to the extent that van Bemmel (1996) described '...remarkable changes in sleep polygraphic variables'. This makes interpretation more complex, although the data can be used to monitor condition-improvements during use of prescribed medication (Steiger and Kimuru, 2010) . Also, where the ethical and intrusion-related concerns can be overcome, use of imaging techniques (including CCTV, Kinect, etc.) can provide significant signal data for monitoring emotional state (e.g. Vinciarelli et al., 2009) .
Given the widespread adoption of mobile phones and tablets, an important area of interaction is through use of mobile applications and web pages. Figure 5 shows a prototype system able to access relevant data using RFID, barcodes and speech recognition. Current and historic sensor data are both easily accessible, together with simple visualisations. This tablet 'app' was developed with ease of use in mind, with only three buttons to change interaction mode (i.e. RFID, barcode, speech). The system has obvious advantages for carers in accessing environmental monitoring data, medication access logs, medical records and suchlike.
However, it can also provide the cared-for with a means to maintain some control over their environments, access data about care space features, provide feedback on their psychological/emotional status, and even allow them to access data about recent activity as an aid to memory. As will be discussed later, the same mobile devices' sensors can also be used to collect relevant data such as activity levels and location. 
Behaviour and power
Significant behavioral information can be obtained through monitoring of electricity consumption (see e.g. Wood and Newborough, 2003) . Even without smart-meter data, this can be simply and inexpensively accomplished through submetering (Berges et al., 2008) . However, it has been cautioned that smart-metering systems could leak private and sensitive information, or unauthorized control could be gained, if not designed with care (Gao et al., 2012) . It has been reported that electricity consumers have concerns about the detail and immediacy of smart-metering data, not just in terms of the potential for loss of privacy through realtime surveillance but also through the potential for its' use in planning burglary and assault (Krishnamurti et al., 2012) .
As an example, Figure 6 shows simple current-clamp and microcontroller power measurements during a weekend in a domestic residence. Use of an electric oven, evening television and intermittent refrigerator consumption are all evident, as well as strong short-duration peaks due to boiling water in a kettle. 
Other environment sensing
Disease-related malnutrition is an important problem in PCD people causing impaired muscle function, decreased bone mass, immune dysfunction, anaemia, decreased cognitive function, poor wound healing, and increased (c.50%) hospitalisation (Baumeister et al., 2011) . Such issues can easily be monitored through use of simple switches and proximity sensors within food preparation areas. Similarly, López-Nores et al. (2012) have explored the potential for use of internet-connected mobile devices to aid medication adherence. It has been stated that up to half of patients do not take medication in the manner prescribed (López-Nores et al., 2012) . From a safety perspective, methane gas detectors are widely used and relatively inexpensive: they can also be used in conjunction with safety shutoff valves to minimize accident risks (Daniel et al., 2009) .
Similarly, monitors such as smoke, carbon monoxide and flood detectors are pervasive and so are not discussed in depth herein, as are bed/chair occupancy sensors, flood detectors and suchlike widely used for conditions such as dementia. Simple bed and door sensors have been used by Rowe et al. (2009) that the authors claim to significantly reduce night time injuries and unattended home exits. It should also be noted that simple optical dust sensors are widely available that could be of significant benefit for people with conditions such as asthma and allergies. Also, simply monitoring weather may also help warn of asthma risk: rainy weather having been reported to create a washout effect for pollen, but with sudden storms potentially causing an increased risk of attacks (Ho et al., 2007; Pullimood et al., 2007) .
Person-mounted sensing
Gait sensing
Sensors can be put to many uses when worn or carried including on-going monitoring of gait and balance deterioration, and detection of potential and actual falls. Accelerometer-based circuits have been researched for many years, such as in monitoring orientation, mobility, gait, energy expenditure and falls and stumbles (e.g. Mathie et al., 2001) . Other systems, such as that of Khawandi et al. (2011) also allow fall monitoring, although the use of cameras could be considered invasive to privacy (which could potentially be overcome using 'shadow' data such as from a Microsoft Kinect). Interventions could follow from this, such as alterations to footwear and determination of the need for hip protection (Shaw & Kenny, 1998) . Important indicators of gait impairment include reduced walking speed, reduced step frequency and shorter step lengths (Shaw, 2003) , and can be monitored at low cost through simple accelerometers and gyroscopes. As an example, Figure 7 shows frequency analyses of smartphone sensor data illustrating the ability to use such data to identify variations in walking pace. For patients with Dementia, variability in walking speeds has been shown to be related to progression of the condition (Kaye, 2008) . Use of mobile phones for such monitoring is advantageous in that patients are more likely to carry one because they form a convergent technology in a system with many additional uses. Where such convergence cannot be achieved, dedicated body-area sensors appear most likely to gain user acceptance if incorporated into clothing (e.g. Yanfen and Pu, 2011) . Lee and Chung (2009) , for instance, reported on a wearable wireless sensor-node (the 'smartshirt') incorporating accelerometers and an electrocardiogram (ECG) able to send data through a wireless network for viewing by medical personnel. This may be particularly important for dementia sufferers, as they may have limited tolerance toward devices attached to their person.
Activity and fall monitoring
Cameras, Microsoft Kinects, 3D scanners and suchlike (e.g. see Vinciarelli et al., 2009) , offer potential for further activity monitoring, and even therapeutic activity, where body-sensors are inappropriate and camera-based techniques are considered acceptable. Smartphone, and simple body-area, sensors can also be used to detect falls and warn carers, but the context of a fall is different to walking. For instance, the frequency analyses of Figure 7 are based on a 10Hz sampling rate, which is sufficient for activity monitoring, and reduces power consumption, but is unlikely to be adequate for fall detection. In a fall context much faster sampling rates may be appropriate but will impact on mobile equipment battery life. However, alternatives exist including use of activity data, such as the activity monitoring system of De et al. (2012) which incorporates behavioural analysis. For instance, the lowfrequency offset of accelerometer data in the time-domain, which represents device orientation, together with activity data, provides useful monitoring data. This is illustrated by Figure 8 , using data from smartphone sensors, for normal research office activity over one hour. The occurrence, and magnitude, of activities are represented by variations in the accelerometer value over time, with orientation changes of the wearer being apparent at step-changes in mean values. As illustrated by Figure 9 , the accelerometer data can be considered in terms of frequency components (here over ten second windows) that can provide further data on potential activities being undertaken. From Figure 8 it is apparent that the likelihood of a fall can be estimated through detection of reductions in activity level and a change to non-vertical orientation. However, this method is crude as it does not account for other context factors: i.e. it is difficult to ensure those changes are not associated with normal activities such as sleeping in a bed or chair. This could be addressed partially through simple devices, such as pressure switches, built into chairs and beds. However, more sophisticated location context data is available through low-cost radio modules, such as XBee devices based on the ZigBee (IEEE 802.15.4) communications protocol. Under ideal conditions the signal strength data communicated by these modules can be used to accurately locate objects within a few centimetres (e.g. Pichler et al, 2009 ).
However, even under less ideal conditions they are still capable of providing useful location context (Chan, 2010) , such as within which room a patient is located, and the approximate position within that room. They also have the advantage of being able to relay data from simple sensors. The location context can be used to estimate the probability that a patient is resting or sleeping, and therefore enhance other, cruder, indicators. In some patients, such as those with dementia, it could also provide indications of important symptoms (e.g. wandering or agitation: Shaw, 2003) .
For all patients it can be used to develop activity patterns which can be used in intelligent cloud systems to detect abnormal behavior. For instance, unusually frequent detection that someone is visiting the bathroom may indicate medical problems. Also, forgetfulness is a common problem for people with PCD and dementia patients (Commissaris et al, 1996) . Location data could provide them with a useful way to recall recent actions when necessary, or even provide a crude probability that a patient is accessing food and medication regularly, amongst many other possibilities. Also, in a home care environment physical activity may often be reduced. Activity and foodintake monitoring may therefore be useful in indicating insulin sensitivity and Type II diabetes (the risk potentially increasing as activity levels reduce: Brouwer et al., 2007) . Similarly, Pasman et al. (2011) used galvanic skin responses (GSR) in deriving links between anxiety and balance in patients with and without Parkinson's Disease.
Another technology that could be used for location purposes is RFID which is already in widespread use in hospitals and can be worn, incorporated into clothing or used within smart cards. It can, for instance, be used to store patient health records (Naszlady and Naszlady, 1998) , or to monitor medication use and prevent duplicate prescription (Hsu et al., 2011) . They can also be used to facilitate longitudinal healthcare information and track patient pathways through care (e.g. Marschollek and Demirbilek, 2006) . It is also possible that RFID devices could be embedded in smart care spaces, such as in furniture, cupboards, medicine cabinets and suchlike, for activity and even patient-location. Furthermore, using re-writable tags it is possible to store recent activities for access by forgetful persons.
Physiological body-area sensing
Sensor systems mounted on the person are becoming pervasive in modern research, covering anything from simple sensors to complete biomedical systems for monitoring astronauts during extra-vehicular activity (Fei et al., 2010) . Obviously, as all humans are contextuallydifferent, such systems should be contextually-aware in order for their data to be properly interpreted (Domingo, 2012) . Many examples of patient mounted systems have been reported in the literature: for example Pandian et al. (2008) reported on their ECG inclusive 'smart-vest' for physiological monitoring. Rodrigues et al. (2011) also devised a body sensor network system, but interestingly providing biofeedback visualization, which may be of use in aiding patients to better cope with their conditions. Amongst many other examples is the chest-mountable 'smart-belt' of Sardini and Serpelloni (2010) , which included measurement of ECG traces, heart-rate, respiratory-rate, body temperature, position and acceleration. Measurement of ECG data is now a relatively simple exercise due to the sophistication of modern microcontrollers, Figure 10 providing an example of such data. Sensors are also available for jointly measuring respiration and heartbeat, for example the work of Jiang et al. (2010) which allows separation of sensing into two data channels.
Chen (2011) developed a human pulse-monitoring system that is internet-connected for data analysis, storage and remote viewing. Body-mounted systems have also been developed for nutrition assessment, such as the work of Soller et al. (2002) . Similarly, body mounted electrodes for tracking eye movements have been used for mental health monitoring (Vidal et al., 2011) . A further area of potential is changes in the electrical properties of skin due to environmental conditions and external stimuli: such as through potential differences in sympathetic skin response and GSR measurements (see e.g. Arunodaya and Taly, 1995) . Both are closely linked to sweat production (Ellaway et al., 2010) and so could be adopted for measurements of fevers, comfort and emotional response. In terms of dementia Eisenstein et al. (1994) reported that GSR could be used to detect small, early, changes in learning and memory caused by ageing and dementia, which appears to relate well to the findings of Zhang et al. (2012) in their consideration of correlates of skin conductance responses during cognitive tasks.
More recently, van der Broek and Westerink (2009) reported on the potential for use of GSR to add emotional insights to consumer products, an approach that could have many uses in smart care spaces. Even in coma patients, Daltrozzo et al. (2010) found that skin electrical measurements could detect some emotional response, although reducing with decrease in consciousness. In terms of the link to depression discussed earlier, and anxiety, sympathetic nervous system responses have been linked to EEG measurements (Papousek and Schulter, 2001) . Also of interest is the work of Gulbandilar et al. (2008) who found relationships between skin electrical resistance and static balance in Type II diabetics, that of Røeggen et al. (2011) who researched links between it and infant anxiety and pain, and that of Nagai et al. (2004) who undertook research to allow GSR to be used for biofeedback as intervention for epilepsy.
Other examples include the work of Farella et al. (2010) , who describe use of fixed and person-mounted sensors within a home monitoring system: their system included ZigBee-protocol communications and was intended to provide indoor tracking and warning of potentially harmful events. Of related importance is that Steele et al. (2009) found that people, such as those with PCD, are generally positive about the use of wireless sensors in their care, as long as the cost to them is low and they have a perceived high level of control over the sensors and systems (i.e. they do not see their personal decision making level eroded). Also, Fenza et al. (2012) considered means to personalize home and hospital body area networks and add contextawareness, including through use of semantics and fuzzy logic. Their system included patient-mounted sensors together with a context-matching system to link detected events to healthcare services.
As well as real-time monitoring, sensors in smart care spaces, including worn by patients, allow for gathering of longitudinal data for data-mining and baseline behavior modeling. For instance, Duchêne et al. (2007) describe methods of learning recurrent behaviour from multi-variate medical time-series data, to build behavioural profiles of peoples' day-to-day activities. Virone (2009) extended on general activity-determined behavioural analysis to specifically consider older generations. They not only considered determination of activities in day-to-day life, based on simulated data, but also consider how those patterns are disrupted when monitoring for Dementia.
The problem of wandering is widespread among some patient groups: one estimate being that 60% of people with Alzheimer's will wander from their homes per annum (Daniel et al., 2009 ). This has been addressed in the literature through electronic tagging which has been reported as effective and with limited ethical issues amongst relatives and carers (e.g. Miskelly, 2004) . Given the low cost of radio-location (and GPS for longer distance wandering) devices it could therefore be considered a simple task to include tagging in body-mounted care-space systems. In fact, Lin et al. (2006) went further in their work to integrate GPS and RFID into geographical-information systems to prevent straying in dementia sufferers.
Conclusions
Ageing demographics, as well as the needs of people in remote communities, brings a market for cost-effective athome care monitoring-systems. This is particularly pressing in terms of supporting people with PCD, including those with dementia, who are at significantly higher risk of experiencing accidents and falls, and who may have cognitive decline requiring assistance with memory and everyday tasks. It is also important for their carers, who may face significant pressure, stress, and demands on their time that may be eased through up-to-date access to monitoring data. If those reasons were not enough, longitudinal monitoring of smart care spaces provides potential improvements to on-going diagnoses and may even illuminate new treatment options.
From a cost effective perspective, use of simple sensors can pay significant dividends. As an example, light sensors can provide data to aid in reducing accident levels, monitor night-time activities, and even aid in preventing sleep issues. That could be considered useful not only because insomnia brings large monetary costs, but also because quality of sleep is related to quality of life and lifeexpectancy. Also, behaviour-related data can provide clues to advancement of clinical conditions, as well as aiding those being cared for through provision of activity-tracking records for augmentation of memory. Those data could be obtained through many routes, including radio-location, RFID tagging, 'shadow' cameras and even monitoring of power consumption.
While data from the above can be obtained remotely from the cared-for, there is often a need to obtain data that can only come from patient mounted sensor systems. For instance, activity levels are best measured using body-mounted accelerometers and gyroscopes. In such circumstances viewing that monitoring as convergent with mobile devices has obvious advantages: many modern smartphones incorporate those sensors, can run internetlinked 'apps', and may be more accepted by users due to their potential to fulfil many other desired uses. Other sensors could be similarly, and inexpensively, used such as EEGs, ECGs, pulse-monitors, GSR and suchlike, all of which can even be simply interfaced to modern smartphones.
Even if only the above items were installed in smart care spaces then significant advances could be made in terms of meeting the needs of carers and cared-for. However, intelligent methods of accessing those data provide further enhancement, particularly when designed as part of holistic systems and potentially with the addition of emotional intelligence and intuitive interfaces. Mobile devices for system interfacing can be used to log activity data, but could also be used to allow input of psychological and emotion data. They can also allow interaction with smart care spaces, including accessing sensor and medical data, and even querying objects for forgetful residents. In conclusion, therefore, it is apparent that much of the technology required to create smart care spaces already exists, but further research is required to integrate them into a functional whole.
